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In the sub-Saharan region of Africa, the inability to perform emergency blood 
transfusions due to an inadequate blood supply has led to high fatality rates, especially among 
women and children. The prevalence of disease in this region limits the supply of local blood 
donations and, if blood is imported, then the region’s poor infrastructure inhibits fast distribution. 
There is a need for a technological update in the current process that overcomes the limitations of 
regional transportation, and drones present one promising solution for delivering small, 
lightweight items such as blood units. The current focus of this new delivery method is on the 
technological improvements of the drones to combat the short lifespan of drone batteries; 
however, there is an opportunity for research into logistical improvements of blood delivery. To 
increase delivery efficiency, countries can implement supply stations, or centralized locations 
that stock charged drone batteries and varying types of blood and medical supplies, from which 
drones are deployed to execute deliveries. Centralization allows for on-demand deliveries to the 
medical facilities that are in the station’s serviceable area.  
To solve the location problem at hand, I created the Supply Station Coverage and 
Assignment model, a mathematical model to determine the optimal locations for these supply 
stations that maximizes the coverage of prioritized medical facilities and minimizes the distances 
between the supply stations and medical facilities. The restrictions of the drone’s flight radius 
and the capacity of a single supply station are used as constraints. As an output, the model allows 
the user to see which supply stations are implemented and the assignment of the implemented 
supply station to the covered medical facilities. The model was used to run tests on supply 










Table of Contents 
 
1 Introduction ............................................................................................................................. 5 
2 Literature Review .................................................................................................................... 8 
3 Methodology .......................................................................................................................... 11 
4 Computational Results ........................................................................................................... 14 
4.1 Explanation of Data ........................................................................................................ 14 
4.2 Investigation into Supply Station Capacity .................................................................... 16 
4.3 Investigation into Importance Metric ............................................................................. 22 
4.4 Investigation into Drone Flight Radius .......................................................................... 28 
4.5 Investigation into Supply Station Overlap ..................................................................... 30 
5 Conclusion ............................................................................................................................. 33 

















According to the World Health Organization, most African countries have a shortage of 
blood supply due to the prevalence of medical conditions, such as HIV and anemia among local 
donors; therefore, many units of blood are imported [1]. Once these units are received, decisions 
are made about how many units of each type of blood have to be sent to each medical facility 
based on their forecasted demand. This process is problematic given that the region’s poor 
infrastructure and outdated technology cannot support fast redistribution [1]. In addition, blood 
donations have a maximum lifespan of only 35 days [2]. If the forecast is inaccurate, the effect 
will be an inadequate supply that leaves patients without blood or a surplus of one or more types 
of blood that will eventually expire and be wasted.  
One promising solution to this problem is to allow on-demand deliveries using drones 
from centralized supply stations. Drone deliveries remove the challenge of distribution using 
traditional vehicles in infrastructure poor areas. The increasing popularity of drones is driving 
down prices and leading to the growth of research into their capabilities [3]. The countries in 
sub-Saharan Africa can benefit from this trend. For example, Rwanda has already implemented 
the new distribution method. In one case, the company Zipline used their electric drones to 
decrease a 3-hour trip to get blood to just 6 minutes [4]. These operations have now moved into 
other countries; however, being new, the existing set of supply stations cannot deliver to all the 
medical facilities in need. The short battery life of drone batteries is not sufficient for long 
distance deliveries; therefore, supply stations are strategically placed so drones can execute the 
delivery and return in time for a new battery. As depicted in Figure 1, the typical drone used for 
this operation can go 100 miles before a new battery is needed [4]. This is not suitable to cover 




                 Figure 1. Illustration of coverage of 1 versus 2 supply stations. [5] 
 
For my research, I created a Supply Station Coverage and Assignment (SSCA) model to 
find the optimal locations for these supply stations that maximizes medical facility coverage 
while accounting for restrictions such as drone flight radius. In addition to maximizing coverage, 
the model also seeks to minimize the distance between the supply station and medical facility 
and considers an importance factor for covering each facility. Assignment of each medical 
facility to a supply station and the location of each supply station are outputs of the model. I 
performed a sensitivity analysis by changing parameters to evaluate the change in coverage and 
assignments. These parameters include supply and demand from which I can find the maximum 
capacity needed at each facility to supply all medical facilities. In addition, I assigned various 
importance metrics to each facility to put emphasis on certain factors such as poverty level or 
rate of anemia for the demand associated with that facility.   
To test the SSCA model, I used the real-world application of blood supply distribution in 
Rwanda. I began by pulling Rwanda’s data from a dataset with information on all medical 
facilities in sub-Saharan Africa [6]. From these medical facilities, I was able to assign them a 
population, a metric for poverty level, and other factors based on the facility’s location within 
Rwanda. I then ran tests to determine the sensitivity of the model by changing metrics such as 
capacity, the value of the importance metric, the allowable flight radius, and the number of 
supply stations to be implemented in the region. In my analysis, I was able to determine the 
necessary capacity to supply a given population demand. I also learned the model was responsive 
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to capacity and radius restrictions and to the objectives of minimizing distance and maximizing 
coverage.  
The main contributions of this work are as follows: 
i. Extended a Maximal Coverage Location Problem Model to allow assignment of 
supply stations to medical facilities and limit the assignment based on supply 
station capacity and drone flight radius.  
ii. Performed computational test for sensitivity of model parameters. 
iii. Deduced insights from the tests to define the most influential parameters of 
coverage. 
The thesis proceeds as follows. In Section 2, I explore literature relevant to drone 
applications, facility location, and the maximal coverage model and application area. In Section 
3, I present my drone supply station assignment model. In Section 4, I describe my 
computational tests and results along with the data used. In Section 5, I conclude and provide 













2 Literature Review  
 
In Section 2, I present and discuss the current literature on real-world drone 
applications, strategic facility location, and modeling of location coverage. I conclude by 
explaining the Maximal Coverage Location Problem. 
Drones have a wide variety of applications, and given their potential for cost savings, 
they are becoming increasingly popular. As a result, the use of drones for many purposes has 
been frequently studied. In Otto et al. [7], the authors explore the many applications of 
drones along with their compatibility with other vehicles. Currently, drones are used to 
examine physical infrastructure, including assessing terrain, progress on a project, inventory, 
or maintenance. A larger application of drones is for agricultural purposes. They can be used 
to map soil properties, spray fertilizer, and monitor livestock.  In addition, drones assist in 
security operations by using a camera to observe places or people. The application that is 
specific to my thesis is the use of drones for transportation and delivery. As mentioned 
before, drones can be used for deliveries to rural areas. They can also perform first- and last-
mile deliveries in urban areas. In these various areas of applications, drones can also be 
paired with other vehicles to complete their tasks. Drones can be used in collaboration with 
trucks, in which the truck transports the drone to a spot within the allowable flight radius of 
the delivery destination. Although my thesis does not involve the use of any other vehicles, 
the ability for drones to be paired with trucks may be beneficial as the drone delivery 
operations advance. 
Due to the growing popularity of drones, various drone operation strategies have 
been studied and documented. Otto et al. [7] surveyed the literature on the drone operation 
of area coverage, search operations, routing, wireless sensor networks, communication links, 
and self-organizing networks. The drone operation of “routing for a set of locations” is 
common for many surveillance applications and delivery problems. Although my research is 
focused on drone deliveries, the operation will focus on locating the supply stations instead 
of routing from a fixed set of locations. The survey also explores the limitations of drones 
such as turn radius and battery life; the latter being pertinent to my research. 
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In addition to drone operations, there is also a strong interest in location analysis 
because the economic effects of efficiently determining facility locations can result in long 
term savings [8]. There is also a wide variety of problems that apply facility location 
modeling. For example, the technique was used once to locate public swimming pools based 
on the city’s population distribution, but it has also been implemented for spatial modeling 
of political party competition [8]. Among these various problems are those which focus on 
placing new facilities among preexisting sites in a distinct location [9]. For example, in 
Figure 1, the specified location is Rwanda. The picture on the left represents the 1 
preexisting supply station, and the picture on the right is a new station placed in relation to 
the prior station using facility location modeling.  
Location problems with many different elements and objectives have been widely 
studied by researchers. In an article by Owen and Daskin [9], they explore 3 main types of 
facility location models. I focus on static and deterministic problems that are most relevant 
to my research. Median problems determine the average distance between a customer and a 
facility to evaluate the location’s effectiveness. The P-median problem uses a similar 
approach but accounts for demand to “minimize the total demand-weighted distance 
between demands and facilities.” In addition, there’s a modified version of the P-median 
problem, the Maximum Capture Problem, that seeks to “maximize the number of new 
customers captured.” The second type of facility location model is covering problems. 
Unlike the P-median problem, the covering problems consider a facility’s allowable radius. 
The location set covering problem has an objective to “minimize the cost of facility location 
such that a specified level of coverage is obtained.” In contrast, the maximal covering 
problem does not require all specified locations to be covered. This problem seeks to 
maximize demand instead of ensuring all demand is covered. Finally, the last type of facility 
location problem is the center problem. The P-center problem, or minimax problem, seeks to 
“minimize the maximum distance between any demand and its nearest facility” while 
requiring the coverage of all demands. If the locations are specified nodes than the model 
can be called a vertex center problem, but if they can be located anywhere on the network, 
this represents an absolute center problem [10].  
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To further dive into maximal coverage problems, I explored the Maximal Coverage 
Location Problem (MCLP) because the objective of this model correlates with my goal: to 
maximize demand coverage within a specified distance. 
 
Figure 2. Maximal Coverage Location Problem Model. [11] 
Figure 2 depicts a mathematical model for the MCLP [11]. The goal of the objective 
function is to maximize the weighted number of demand nodes, 𝑖, that are covered by the 
established facilities sites, 𝑗. The parameter, 𝑎𝑖, weights the importance of covering each 
demand node. In constraint (1), the model ensures that a chosen demand point is covered 
only if it is within the accessible radius of an implemented facility. For each medical 
facility 𝑖 in the set 𝐼, let 𝑁𝑖 denote the subset of potential supply station locations within 𝐽 
that do not exceed the drone’s maximum flight radius of 𝑆. In equation (2), the model limits 
the number of implemented facilities to 𝑃. In equations (3) and (4), 𝑥𝑗 and 𝑦𝑖 are defined to 
be binary variables that only take on the values of 0 or 1. The value of 𝑦𝑖 will be 1 if demand 
node, 𝑖, is covered or 0 otherwise. 𝑥𝑗 will be 1 if the facility is established at that site or 0 
otherwise. Although there are elements of the MCLP that correlate to my research, the 
model lacks the ability to assign demand nodes to facilities and the constraint of maximum 
facility capacity.  
My model is a hybrid between the P-median and the MCLP. When the importance 
metric, 𝑎𝑖, are all on an equal scale and the distance, 𝑑𝑗,𝑖, is not included or when 𝑎𝑖, is much 
higher than 𝑑𝑗,𝑖, my model represents a maximal coverage problem with an objective to 
maximize prioritized coverage. However, when 𝑎𝑖 is 0 or much lower than 𝑑𝑗,𝑖, my model 
represents a P-median problem with an objective to minimize distance. However, note this 




3 Methodology  
 
In this section, we present my Supply Station Coverage and Assignment model, a 
core mathematical model for locating supply stations in a given set of medical facility 
locations. We proceed by presenting the decision variables, parameters, sets, and integer 
program. Finally, I explain the programming language and software used to run the model.  
The MCLP is a strong base model, but it can be customized to model drone 
deliveries of medical supplies. First, the MCLP lacks assignments capabilities. By adding a 
binary decision variable that can output the assignment of medical facility, 𝑖, to supply 
station, 𝑗, the user will know which supply station covers each medical facility. Another 
factor that is not considered in the base model is supply and demand. Each supply station 
only has a certain capacity, and the medical facilities have varying demands based on their 
location, population density, and health care access. By creating constraints that restrict the 
decisions based on supply and demand, the model can choose supply stations that service 
more people within the given capacity restrictions. Finally, I can advance the objective 
function to minimize the distance between the chosen supply station and its assigned 
medical facilities. By taking into account distance, the SSCA model will create assignments 
based on proximity to the nearby medical facilities which can cut down on delivery time and 
improve the spatial arrangement of assignments.   
Using the Maximal Coverage Location Problem Model as a base model, I added 
constraints and parameters to create the SSCA model that decides the assignment of medical 
facilities to supply stations and considers supply and demand [11]. I define the variables and 
parameters for the model as follows. 
Parameters 
 𝑎𝑖 is the importance metric for each medical facility, 𝑖 
 𝑑𝑗,𝑖 is the distance from supply station, 𝑗, to medical facility, 𝑖 
 𝐹 is the maximum flight radius for the drone 
 𝑝 is the maximum number of supply stations implemented 
12 
 
 𝑟𝑖 is the demand of each medical facility, 𝑖 
 𝑢𝑗  is the supply capacity of supply station, 𝑗 
Decision Variables 
 𝑥𝑗   equals 1 if supply station, 𝑗, is implemented or 0 otherwise 
 𝑦𝑗,𝑖 equals 1 if medical facility, 𝑖, is covered by supply station, 𝑗, or 0 otherwise  
 𝑧1 equals the number of medical facilities covered 
Sets 
 𝐼 is the set of all medical facilities 
 𝐽 is the set of all supply stations  
 
𝑀𝑎𝑥𝑖𝑚𝑖𝑧𝑒             𝑧 =  ∑ ∑(𝑎𝑖 −  𝑑𝑗,𝑖) ∗ 𝑦𝑗,𝑖
𝑗 𝜖 𝐽𝑖 𝜖 𝐼
                                                                                           (5) 
𝑆. 𝑇.                         ∑ 𝑦𝑗,𝑖  ≤ 1                           𝑓𝑜𝑟 𝑎𝑙𝑙 𝑖 𝜖 𝐼                                                                        (6)
𝑗 𝜖 𝐽
 
              𝑑𝑗,𝑖 ∗ 𝑦𝑗,𝑖  ≤ 𝐹 ∗ 𝑥𝑗               𝑓𝑜𝑟 𝑎𝑙𝑙 𝑖 𝜖 𝐼, 𝑓𝑜𝑟 𝑎𝑙𝑙 𝑗 𝜖 𝐽                                                (7) 
                                          ∑ 𝑥𝑗 = 𝑝
𝑗 𝜖 𝐽
                                                                                                                            (8) 
                                        ∑ 𝑟𝑖 ∗ 𝑦𝑗,𝑖  ≤ 𝑢𝑗 ∗ 𝑥𝑗           𝑓𝑜𝑟 𝑎𝑙𝑙 𝑖 𝜖 𝐼, 𝑓𝑜𝑟 𝑎𝑙𝑙 𝑗 𝜖 𝐽
𝑖 𝜖 𝐼
                                             (9) 
                                          𝑦𝑗,𝑗  ≥ 𝑥𝑗                                  𝑓𝑜𝑟 𝑎𝑙𝑙 𝑗 𝑖𝑛 𝐽                                                                   (10)  
                                          𝑧1 = ∑ ∑ 𝑦𝑗,𝑖
𝑗 𝜖 𝐽𝑖 𝜖 𝐼
                                                                                                               (11) 
                                          𝑥𝑗 𝜖 {0,1}                              𝑓𝑜𝑟 𝑎𝑙𝑙 𝑗 𝑖𝑛 𝐽                                                                      (12) 




The objective is to maximize the prioritized number of medical facilities, 𝑖, that are 
covered while also minimizing the distance between each medical facility and chosen 
supply station. Although I kept the importance metric, 𝑎𝑖, as a key component of the 
objective function, I added the subtraction of the distance from supply station, 𝑗, to medical 
facility, 𝑖. This addition ensures that if one facility can be assigned to more than one supply 
station then it is assigned to the closest station. Depending on the metric used for 𝑎𝑖, the 
scale of 𝑎𝑖 will vary. Therefore, the scale between 𝑎𝑖 and 𝑑𝑗,𝑖 will also vary. The scale 
between these two values puts me on the spectrum between the P-median problem and the 
MCLP. The larger the 𝑑𝑗,𝑖 value is compared to the 𝑎𝑖 the closer the model is to a P-median 
problem, and the opposite proportion is closer to the MCLP.  
Other components of the MCLP model can be seen in the SSCA model. Constraints 
(8), (12), and (13) restrict the model the same as Constraints (2), (3), (4) in the base model. 
In order to consider the assignment of medical facilities to the chosen supply stations, I 
changed the variable 𝑦𝑖 to 𝑦𝑗,𝑖 . Originally, the binary decision variable only told us if the 
medical facility is covered, but now the variable represents a matrix that shows if the 
medical facility, 𝑖, is assigned to the supply station, 𝑗. The new variable can be seen in the 
advanced model’s objective function.  
I added 6 additional constraints to the model. In constraint (6), I ensure that a 
medical facility is not assigned to more than 1 supply station. In constraint (7), I restrict the 
assignment of medical facilities to supply stations within the drone’s flight radius, 𝐹. In 
constraint (9), I limit the sum of the demand, 𝑟𝑖, of all medical facilities assigned to a 
single supply station to be less than or equal to the capacity,  𝑢𝑗 , of that station. In 
constraint (9), I also ensure that any medical facility can only be assigned to a chosen 
supply station. Since the model is under the assumption that the supply stations are located 
at medical facilities, in constraint (10), I assign the medical facility to the supply station 
that shares its location. If the model was to be edited to account for supply station locations 
that aren’t the same as the medical facilities, constraint (10) is no longer valid and should 
be removed. Lastly, equation (11) calculates the number of medical facilities covered.  
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Once the model was complete, I used AMPL, A Mathematical Programming 
Language, to create a mod file containing the advanced model along with the definition of 
the necessary parameters and variables. I also used AMPL to create a dat file with the data 
for the parameters and variables. With my free student access, I ran these experiments with 
the CPLEX software to solve the linear programming problem at hand. 
4 Computational Results  
 
In Section 4, I describe the data used in my case study. Then, I explain the 
computational tests run which investigate supply station capacity, drone flight radius, and 
supply station overlap. From these tests, I analyze the results and present insights learned. 
4.1 Explanation of Data  
 
The main data source used in my research was a “spatial database of health 
facilities… in sub-Saharan Africa” provided by the World Health Organization [6]. This 
source provided an Excel sheet with all the medical facilities (e.g., health clinics and 
hospitals) in the region. For my research, I chose to use the sample of the data that only 
included the hospitals in Rwanda, excluding medical clinics or posts, leaving me with a 
sample size of 47 hospitals. The dataset provided the name of the hospital, the province in 
which it is located, and the geographic coordinates. Rwanda is divided up by provinces 
then by districts and then by sector. My research focuses on data at the district level when 
possible. Using Google, I was able to find the district in which each hospital is located. 
Next, I had to clean the data of any hospitals that were too close to airports. Due to traffic 
control concerns, Rwanda prohibits flying drones within 10km, or 6.2 miles, of an airport 
[12]. Using Google Maps, I mapped the 47 hospitals and all Rwandan airports; I was able 
to measure a 10km radius from each airport and remove any hospitals that were too close. 
There were 14 hospitals that were within 10km of an airport, and they were removed from 
my sample. My final sample includes 33 hospitals. I use this set of 33 hospitals as set 𝐼 of 
the medical facilities in the model. 
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One of the major competitors in the drone delivery market, Dove Air, integrates 
their supply stations into hospitals in order to have access to refrigeration and reliable 
electricity [13]. Following this model, the 33 hospital locations in the sample will also be 
used as the 33 possible supply station locations in set 𝐽 of the model. For my data file, I 
need the distance between every hospital for the distance parameter, 𝑑𝑗,𝑖. To find these 
values, I created a 33 by 33 matrix in Excel and used the haversine formula to get the great 
circle distance from each hospital (Equation 14) [14].  
= 𝐴𝐶𝑂𝑆(𝑆𝐼𝑁(𝐿𝑎𝑡1) ∗ 𝑆𝐼𝑁(𝐿𝑎𝑡2)  + 𝐶𝑂𝑆(𝐿𝑎𝑡1) ∗ 𝐶𝑂𝑆(𝐿𝑎𝑡2) ∗ 𝐶𝑂𝑆(𝐿𝑜𝑛𝑔2 – 𝐿𝑜𝑛𝑔1 ))  ∗  3958.76 𝑚𝑖   (14) 
Calculating these distances is important for both the objective function and to ensure the 
model can implement the drone flight radius restriction of 50 miles [4]. 
In addition to hospital information, a large part of my data search was to find a 
breakdown of Rwanda’s population and information on the health in different areas of 
Rwanda. This data will allow me to estimate demand and priority parameters for my 
model. The most reliable population data I found was the 2012 Rwanda Census. The 
census results provided by the National Institute of Statistics of Rwanda included a 
datasheet on the population by district which included metrics such as percent female and 
population density [15].  For all tests, to assign each hospital a demand value, I used the 
district population data found from the Census. If there were multiple hospitals in a single 
district, I split the population evenly amongst those hospitals to find their demand value. 
The National Institute of Statistics of Rwanda also published a Thematic Report on the 
“Socio-economic status of children” which provided me with the child population for each 
district [16]. To find the poverty level for each district, I used a presentation provided by 
the National Institute of Statistics of Rwanda on the 5th Integrated Household Living 
Conditions Survey [16]. Finally, in order to get more information on prevalent diseases and 
conditions, I used a report published by The Demographic and Health Surveys Program in 
2010 [17]. The report provided me with information on the percent of children ages 12 – 
23 months with anemia, percent of females with anemia, percent of children with malaria, 
and percent of children with all necessary vaccinations. These factors were all given per 
province. I was able to assign each hospital a value for all these factors at the province or 
district level.  
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With the model and the necessary data in hand, I ran tests to investigate various 
prioritization factors that could influence which hospitals are in highest need of drone 
delivery coverage. The objective of my model is to maximize the coverage of prioritized 
medical facilities and favor nearby medical facilities, not solely to maximize coverage; 
however, I use maximum coverage as a baseline to compare where and how many medical 
facilities are covered as I change my tests. 
4.2 Investigation into Supply Station Capacity  
 
In the context of medical supply distribution including blood and vaccines, the 
implementation of the model depends heavily on the supply chain of the blood units; 
therefore, my model considers the restrictions of supply and the impact of demand. To 
evaluate the model’s sensitivity to various supply values, I began by testing the impact of 
decreasing capacity of each supply station on the coverage of hospitals. I wanted to 
answer: what capacity would change the maximum number of hospitals covered and by 
how much? By running these tests, I reveal how the user of the model can find the 
necessary capacity needed for the supply stations to meet a given demand. The value for 
annual capacity was chosen arbitrarily and decreased incrementally.  
I ran tests on three different categories: implementation of 1, 2 and 3 supply 
stations. For my data file, each category used the percent poverty as the importance metric, 
𝑎𝑖, and the population as the demand, but I changed the variable 𝑝 to either 1, 2, or 3 to 
reflect the number of implemented supply stations for that category. Then within each 
category, I changed the capacity of the supply stations; the capacities were equal across all 
supply stations. For each category, I began with a capacity of 10 million, and I updated the 
values for the capacity parameter, 𝑢𝑗 , in the data file. I then ran the model, captured the 
statistics, and decreased the capacity by 1 million for each run until I reached the capacity 
of 1 million. For each iteration of the model, I recorded the number of hospitals covered, 
the chosen supply station(s), and the supply station assignments of the covered hospitals.  
I started my tests with the 1 supply station category. Figure 3 shows the results 
from the 10 iterations of the model with decreasing capacity. Due to flight radius 
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restrictions, 1 supply station cannot cover all 33 hospitals. A single supply station can 
cover only cover a maximum 28 hospitals even at an arbitrarily large capacity. As 
indicated by the yellow bar above a capacity of 6 million, the supply station can cover a 
maximum of 28 hospitals. For 6 million and below, the number of hospitals covered 
steadily decreases. Note, this maximum of 28 hospitals is equal to the maximum covered 
with a MCLP model with 𝑎𝑖 = 1 and  𝑑𝑗,𝑖 removed from the objective.  
 
                    Figure 3. Displays the results of decreasing the capacity for 1 supply station. 
Using Google Maps, I created two maps, one at a capacity of 7 million and one at 6 
million, to visualize the hospital coverage change (Figure 4). The red pin icons are the 
hospitals that are covered by the chosen supply station, and the gray pins are the hospitals 
that are not covered. The yellow star icon is the location of the supply station. Since the 
supply stations are located at hospitals, it also represents a covered hospital. The left side 
of the figure displays the coverage of a single supply station with a capacity of 7 million. 
There are 5 gray pins representing the hospitals that are unreachable due to flight radius 
restrictions mentioned above. When the capacity is reduced to 6 million, as seen on the 
right of Figure 4, the hospital coverage is reduced by 3; however, some of the hospitals 
that were not covered at 7 million capacity are now covered. In addition, the hospital 



































                  Figure 4. Graphical display of the coverage of 1 supply station at different capacities. 
There are 8 uncovered hospitals at a capacity of 6 million. With the supply station 
location moving further southwest, the eastern hospitals are now further from the supply 
station. After looking at their great circle distance, 7 of the hospitals are not within the 50-
mile radius of the chosen supply station, including 6 from the eastern border and the one 
on the western border. The one uncovered hospital that is within the accessible radius has a 
demand of over 313,000. The total demand covered hospitals in this scenario is over 5.7 
million. Therefore, there is not enough capacity in the supply station to take on the demand 
of the additional hospital although it is reachable by drone. There is a covered hospital in 
the eastern cluster of uncovered hospitals. This station is just north of the uncovered but 
accessible hospital. This hospital has a capacity of only 200,000; therefore, it was chosen 
over the neighboring hospital because the demand was within the capacity limits.  
For my second set of tests, I ran the model for the implementation of 2 supply 
stations. Since there are 2 stations covering the same area, all 33 hospitals can be covered 
with the given flight radius at a large capacity. Following the same procedure as the single 
supply station tests, I gathered the results of the 10 iterations as shown in Figure 5. All 
hospitals were covered until the capacity was decreased to 3 million; at this point, the total 
coverage dropped to 27. Compared to 1 supply station, there were more facilities covered 





                     Figure 5. Displays the results of changing the capacity for 2 supply stations. 
I created another set of graphs in Google Maps for the 2-supply station results as 
shown in Figure 6. These graphs show the change in coverage just above the breaking 
point, 4 million capacity, and at the breaking point of 3 million. For these graphs, the red 
pins are hospitals covered by the station denoted by the red circle with a star, and the 
yellow pins are hospitals covered by the supply station denoted by a yellow circle with a 
star. The hospital is assigned to the station with the matching color icon.  
 
































As you can see from the left side of the graphic, all medical facilities are covered, 
for there are no gray pins. There also seems to be an unseen line splitting the assignments 
down the middle of the graph. When the capacity is decreased to 3 million, the number of 
hospitals covered drops to 27. The red supply station stays the same, but the yellow supply 
station moves to a more central location. With the yellow station becoming more 
centralized, some of the eastern hospitals start to lose coverage due to increasing distance. 
As mentioned previously, the eastern hospitals have lower values for percent poverty 
leading to lower values for the importance metric. I was mostly intrigued by the two 
uncovered hospitals in central Rwanda as seen on the graph on the right of Figure 6. 
Although these hospitals are close to the supply stations, they both have demand values 
greater than the 70th percentile of demand for all hospitals. The central gray pin just to the 
left of the yellow supply station has the second lowest poverty level. The other central gray 
pin has the 5th lowest poverty level out of 33 hospitals. Therefore, it is reasonable to 
conclude that these stations were not covered due to their extremely low value for the 
importance metric and their relatively high demand. 
Finally, I ran a set of 10 iterations for the 3-supply station category. Similar to 2-
supply stations, all hospitals are covered for a large capacity. In this test, I found the 
capacity that first led to a decrease in coverage was 2 million as seen in Figure 7. At a 
capacity of 2 million, the coverage of hospitals decreased to 27. The breaking point for 3-
supply stations is only 1 million less than 2-supply station whereas the breaking point for a 
single supply station was much higher at 6 million. Due to Rwanda’s small size, 2 and 3 
supply stations are feasible at a low capacity, but 1 supply station must have a much higher 





                     Figure 7. Displays the change in coverage for 3 supply stations with decreasing capacity. 
I created another set of Google Map graph for the capacity of 2 and 3 million in the 3-
supply station category as seen in Figure 8. Similar to the previous graphs, the assignments 
for each supply station are shown by the pin color. These graphs have three supply 
stations: red, yellow, and purple.  
 































For the graph on the left, 3 million capacity, there are no gray pins because all 
hospitals are covered. As for the graph on the right at 2 million capacity, there are 6 gray 
pins to show the loss of 6 covered hospitals. As seen before, the hospitals on the outer edge 
of the group of hospitals tend to be more likely to lose coverage, especially those in the 
eastern province. Again, we see an uncovered hospital in the center. This is the same 
hospital with the second lowest poverty rating, so it is uncovered at both the 2 and 3 supply 
station breaking points. The most interesting part of Figure 8 is the assignments for the 
graph on the right. Unlike the graph for 3 million capacity that appears to be separated 
evenly by color, the graph for 2 million capacity has some assignments that are surrounded 
by other colors and look out of place. After evaluating the data, I found that this is most 
likely due to demand. Since the demand can vary drastically from one station to its 
neighboring station, the model will assign a hospital to a station that is further away if that 
station is able to supply its large demand value. For the graph on the right, you can see a 
red icon amongst a group of purple in the top left; the red icon represents a hospital with a 
demand of 32,000, but the purple icons around it have a demand of approximately 11,000 
each. Therefore, the red icon had to be assigned to the red station to accommodate the large 
demand. The 3-supply station graphs reveal the model’s sensitivity to its objective to 
maximize coverage while adhering to the station capacity. 
4.3 Investigation into Importance Metric  
 
The importance metric, 𝑎𝑖, was included in the model so the user could customize 
the model to prioritize coverage of certain hospitals. For example, if the goal is to service 
the most people in an area, the density of that area can be used as the importance metric 
and would likely influence the selection of supply station locations. The 2012 Census and 
Demographic and Health Surveys Program in 2010 provided data on the distribution of 
disease, population, and poverty within Rwanda [15,17]. I wanted to see how these 
different factors would influence hospital coverage in the model.  
I considered 7 different factors for the importance metric. Each hospital was 
assigned its own importance metric based on the data, and I changed the values for 𝑎𝑖 in 
the data file. For each run, I used 1 supply station and a capacity of 7 million, and I 
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captured the number of facilities covered, the supply station selected, and the facilities that 
were covered.  
1. Poverty  
When I ran my initial tests on capacity, I used the poverty metric for 𝑎𝑖, therefore, I 
used poverty as the baseline for my investigation into the importance metric. 
Poverty is commonly a factor that results in inadequate medical care, a higher risk 
of disease, and other medical complications that may lead to the need for medical 
supplies. Therefore, it was assumed that the higher the poverty, the more demand 
for blood in those areas. I assigned each hospital its respective district’s poverty 
percentage and then multiplied it by 10 to get the final values for the poverty 
metric.  
2. Female population 
The leading cause of maternal deaths in Rwanda is “postpartum hemorrhage” [18]. 
In the effort to save the mother’s life, a blood transfusion will be given to the 
patient. Therefore, I saw the distribution of female population as a considerable 
importance metric due to the assumption that if more women live in an area than 
more blood units and other medical supplies will be needed to combat these 
medical conditions. I used the 2012 Census data to get the district-level population 
of females and assigned the population as the importance metric value for the 
hospital(s) in that district. If there was more than one hospital per district, I divided 
the population evenly amongst the hospitals.  
3. Child population 
 
Many of the prominent health conditions in Rwanda disproportionately affect 
children. For example, 38% of children in Rwanda have some form of anemia as 
compared to 17% in adult women, and 1.4% of children are infected with malaria 
compared to .7% in adult women [17]. Due to the prevalence of these diseases in 
children, I wanted to use child population as a factor. I used the district population 
of children from the 2012 Census to assign each hospital an importance metric 
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value [15]. Again, for the districts with multiple hospitals, the population was split 
evenly amongst them. 
 
4. Female population with anemia 
 
As mentioned above, 17% of women in Rwanda have anemia, and if they become 
severely anemic, they must receive a blood transfusion. To create an importance 
metric, I used the percent of women with anemia given by province in the 
Demographic Health Survey report [17]. I multiplied the value by the district’s 
female population to get the metric on the district-level. If the district had more 
than one hospital, I split the value evenly amongst the hospitals.  
 
5. Percent children with anemia 
 
Given 38% of Rwandan children have anemia, I used the percent of children with 
anemia by province for my next importance metric. The data table given in the 
Survey was only for children 12-23 months, so I could not multiple it by district 
children population to get a district-level value [17]. The hospitals were assigned an 
importance metric value based off their province. 
 
6. Percent of children with malaria 
 
Malaria is a major life-threatening disease in Rwanda and can “often [require] 
urgent blood transfusions” [18]. The Survey dataset gave the percent of children 
ages 6-59 months with malaria in each province [17]. I could not split these into the 
district level, so I assigned the percent of children with malaria times 100 to each 
hospital based on its province.  
 




I used the data on children without all basic vaccinations to create the metric. The 
value of this importance metric is two-fold: first it shows where there may be a 
need to ship vaccines due to lack of access or supply, but it can also represent areas 
where children are at a higher risk of diseases such as malaria. I used the percent of 
children who are not vaccinated by province, and I multiplied it by the children 
population on the district-level.   
 
Using poverty as the baseline metric, I began running my tests for the 6 other 
importance metrics. Female population, children population, and percent children with 
anemia had the same coverage, supply station, and assignments as poverty. Therefore, the 
map of the coverage for all 3 metrics are shown on the left side of Figure 4 at the capacity 
of 7 million. 
The first metric to have a different result from the baseline poverty metric was 
female anemia. After running the iterations for the female population with anemia metric, 
the results showed that the coverage decreased from 28 to 25 hospitals along with a change 
in the chosen supply station and assignment. Figure 9 shows the graph of coverage for the 
female anemia metric. The results show that the coverage was concentrated in the northern 
part of Rwanda; however, the northern province had the lowest percentage for females 
with anemia. Looking at the data and comparing the values for this importance metric, the 
hospitals that are uncovered did not seem to have relatively high or low metric values, but 
they were spread out in the rankings. The hospital with the highest importance was the 
most northern hospital, Nyagatare District Hospital, which is not covered for the baseline 
run due to its far north location. It seems the latest iteration reacted to the high importance 
of Nyagatare District Hospital which led to more coverage in the north due to radius 
restrictions and distance minimization. The concentration of coverage in the north of 




Figure 9. Displays the coverage when considering the female population with anemia. 
The percent of children with malaria was another metric that changed the coverage 
from the baseline. Using the percent children with malaria, the results revealed that only 20 
hospitals were covered. Figure 10 shows the graph for the coverage. The coverage for this 
iteration was very responsive to the metric values. All hospitals with the lowest possible 
metric value are not covered, and all but one of the hospitals with the highest metric value 
is covered. The one that isn’t covered is the far north hospital, Nyagatare District Hospital, 
which is out of reach. The coverage focused more on covering the eastern district, which 






Figure 10. Graph displaying the coverage for the children with malaria metric. 
Finally, the importance metric that captured the population of children without 
vaccinations was different from the baseline model. The test resulted in 26 hospital 
covered along with a new supply station and assignments. Figure 11 shows the map for the 
coverage. Compared to the poverty metric coverage, the coverage in Figure 11 is slightly 
shifted to the southwest. After looking at the metrics, the southern hospital of Kibogora 
Hospital has the 3rd highest value for this importance metric, but it is not covered in the 
baseline map. It appears that the model prioritized this hospital and others in the region 
which led increased coverage in the south. There were also a few hospitals that lost 
coverage in the east region, which was also seen in the baseline test. With the supply 





Figure 11. Displays the coverage for the metric regarding children without vaccinations. 
 
4.4 Investigation into Drone Flight Radius  
 
Since drone deliveries are a relatively new operation, there is competition in the 
market. For example, in contrast to Zipline’s electric drones, Dove Air uses fuel to power 
their drones, so their drones can cover a 497-mile radius [13]. To investigate the impact of 
drone flight radius, I wanted to run different tests with various flight radii to see the impact 
on hospital coverage in Rwanda. 
To run these tests, I used the parameters of 1 supply station, a capacity of 7 million, 
and the poverty metric as the importance metric. With each iteration, I changed the radius, 
𝐹, in the data file. I ran an initial test using the radius of a Dove Air drone, 497 miles. 
Then, I decreased the radius until there was a change in the coverage of hospitals. From 
this new point, I decreased the radius by 1 mile until I reached 45 miles. I captured the 
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number of hospitals covered, the chosen supply station, and the hospitals assigned to the 
supply station. 
For a flight radius of 50 miles, as shown in Figure 4, the results showed that 1 
supply station can cover 28 hospitals. When I began the additional tests, starting with Dove 
Air’s flight radius, I found that the maximum number of hospitals covered is 30 out of the 
33 possible which reveals that 7 million capacity is not enough. This result of 30 hospitals 
was consistent for all values below 497 miles until 54 miles. At 54 miles, the coverage 
dropped to 28 hospitals. Compared to the initial value of 50 miles, increasing the drone’s 
flight radius by 5 miles, 2 additional hospitals can be serviced by the drone. However, at 
53 miles, the coverage increased again to 29 hospitals but then dropped at the 52-mile 
flight radius to a total coverage of only 27 hospitals. The fluctuation in coverage can be 
seen in Figure 12. The fluctuation in coverage is likely due to the model’s objective to 
maximize prioritized hospital coverage.  In some cases, the model may find a better 
solution by covering 1 hospital with higher priority than 2 with lower priority. 
 
 


































Medical Facilities Coverage vs Flight Radius
Dove Air Zipline 
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4.5 Investigation into Supply Station Overlap 
 
Currently, Zipline does not allow overlap of their 2 supply stations, meaning the 
supply stations are further than 50 miles from one another. Using coordinates from Google 
Maps and the haversine formula, I found that these two stations are 51.25 miles from one 
another which shows Zipline’s objective to cover more area of Rwanda but not to allow 
overlap. If a supply station was within the accessible radius of another supply station, 
drones can be used to distribute medical supplies from one station to another. By 
overlapping the supply stations, the stations would be able to resupply stations that are low 
on a specific type of blood or vaccine. The 50-mile radius accounts for the drone’s ability 
to fly 100 miles before a new battery is needed; since we don’t want all the drones to end 
up in one station, the drone can only go 50 miles before it needs to turn around. From my 
results with multiple supply stations in Section 4.2, I wanted to see if any of the stations 
overlapped. This allows me to see if my model is producing this connectivity of stations. 
To evaluate overlap, I looked at the great circle distance from each chosen supply 
station to another in Figure 6 and Figure 8. These two figures represent the breaking points 
for capacity for the 2 supply stations and 3 supply stations respectively. I took these figures 
and added the distances found in my calculations. In Figure 13 below, I found that the 
supply stations are not within reachable distance of one another at a radius of 50 miles. The 





               Figure 13. Displays the lack of overlap between the 2 supply stations. 
In Figure 14, I added the great circle distances for 3 supply stations at a capacity of 
3 million and 2 million. At 3 million capacity, the red and yellow stations are within the 
accessible range of the purple station. Although the yellow station is 67.98 miles from the 
red, the yellow station could use the purple station to access the red station. Therefore, 
although the redistribution would not be direct, all supply stations in the left graph could 
resupply one another within the allowable drone flight radius. Since the model does not 
focus on overlap, I believe this occurred due to the requirement of implementing 3 stations 
within a small country like Rwanda. In a larger country, the likelihood of overlapping 
stations without specification in the model would be much smaller. As for the graph with a 
capacity of 2 million, the red station and purple station overlap allowing for distribution. 
However, the other two connections are outside the 50-mile limit, and therefore, there is no 
connection from the purple or red station to the yellow station. The model’s objective is to 
maximize prioritized medical facility coverage, so in this case, it is reasonable to assume 
that the importance factor of certain stations and the decreasing capacity influenced the 
location of the supply stations. 






















5 Conclusion  
 
In this thesis, I consider the problem of locating supply stations for drone deliveries 
of medical supplies. To find the optimal location for these supply stations, I modeled this 
problem as an integer program determining location and assignments decisions while 
considering the constraints of supply station capacity and a drone’s allowable flight radius. 
I solved the problem using the programming language, AMPL, and the computer software, 
CPLEX. 
I performed a case study on Rwanda, a country located in sub-Saharan Africa. 
Using data on Rwanda’s medical facilities, population, and health conditions, I was able to 
assign demand and importance metrics to each hospital. Then, I performed a sensitivity 
analysis. First, I found the maximum capacity of a supply station until the medical facility 
coverage started to decrease. This test revealed the model’s compliance to capacity 
restrictions. Then, I evaluated the impact of changing the importance metric parameter. 
Since the objective of the model is to maximize the coverage of prioritized medical 
facilities, this test revealed the model’s sensitivity to the importance metric. Next, I ran 
tests on the drone flight radius. I found coverage is influenced by the flight capabilities of 
the drone. This test also revealed the model’s sensitivity to the importance metric shown 
by the fluctuation in coverage as the radius decreased. Lastly, I evaluated whether the 
previous results allowed for the overlap of supply stations. Since Rwanda is a smaller 
country, there was some overlap.  
One opportunity for future research is an extension of the overlap analysis done in 
Section 4.5. The model that I presented in this thesis does not ensure overlap between the 
supply stations to allow for redistribution of medical supplies. In further research, there is 
an opportunity to add constraints to restrict the distance between the supply stations. Both 
the current model and a model allowing overlap would benefit from additional applications 
on other countries or geographic regions. My case study on Rwanda was an ideal starting 
point; however, this model can be used on much larger countries. The probability that a 
larger country would have overlap without specification in the model, as seen in Figure 14, 
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is small, so the application of the model allowing overlap on a larger country would be 
beneficial for further research.  
Another opportunity for future research is looking into pairing trucks with drones 
to further advance the delivery operations. Trucks can be used to transport the drones to the 
desired take-off position, and they can be used to help transport blood in coordination with 
the drone operations. This would be most beneficial in the context of distributing blood 
from the original entry point. In addition, it would be interesting to consider the restocking 
of supply stations from where medical supplies enter the country or region. There is a 
possibility that it would be beneficial to locate the supply stations in close proximity to 
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